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Available online 2 July 2016The connectivity of macropore networks is thought to exert an important control on preferential ﬂow in soil, al-
though little progress has beenmade towards incorporating an understanding of these effects intomanagement-
oriented ﬂow and transportmodels. In principle, concepts frompercolation theory should bewell suited to quan-
tify the connectivity of preferred ﬂow pathways, but so far its relevance for natural soils in the ﬁeld has not been
tested. To investigate this question, X-ray tomography was used to measure soil pore space architecture at an
image resolution of 65 μm for 64 samples taken in two consecutive years in the harrowed and ploughed layers
of a silt loam soil a few weeks after spring cultivation. The results showed that the pore networks displayed
key features predicted by classical percolation theory: a strong relationship was found between the percolating
fraction and the imaged porosity, with a percolation threshold of ca. 0.04 to 0.06 m3 m−3 in the harrowed
layer. A percolation threshold was less clearly identiﬁable in topsoil that had not been recently tilled, although
this may probably be attributed to ﬁnite size sampling effects in this layer, which showed amore heterogeneous
and structured distribution of the pore space. Although further work on more strongly structured soil horizons,
especially subsoils, would be desirable, it is tentatively suggested that percolation concepts could prove useful
to estimate the conducting macroporosity in management models of preferential ﬂow and transport.
© 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
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Tilled soil1. Introduction
Soil structural pores (macropores) allow rapid and far-reaching
preferential (i.e. non-equilibrium) ﬂows of water, dissolved solutes
and particulate matter, with potentially serious consequences for
water quality (Jarvis, 2007). Application of non-invasive imaging tech-
niques has revealed that macropores in soils generally form partially-
connected networks of rather complex topology (e.g. Perret et al.,
1999; Pierret et al., 2002; Mooney and Korošak, 2009; Luo et al.,
2010a). It is also empirically quite well established that the connectivity
of these macropore networks may strongly inﬂuence susceptibility to
preferential ﬂow at all scales ranging from columns through pedons to
hillslopes (e.g. Noguchi et al., 1999; Luo et al., 2010b; Nieber and Sidle,
2010; Larsbo et al., 2014). The effects of this complex soil pore architec-
ture on ﬂow and transport can be captured by pore-scale modelling at
small scales, either directly on X-ray imaged pore systems (e.g.
Hyväluoma et al., 2012; Scheibe et al., 2015) or on simpliﬁed pore net-
work models that statistically represent the real network (e.g. Köhne
et al., 2011). However, with only a few exceptions (e.g. Klaus and
Zehe, 2011), only limited progress has been made towards incorporat-
ing a quantitative treatment of macropore connectivity into models. This is an open access article underthat are better suited to themuch larger spatial and temporal scales rel-
evant for management applications. For example, widely-used dual-
permeability models (e.g. Šimůnek et al., 2003; Larsbo et al., 2005;
Šimůnek and van Genuchten, 2008) that apply continuum ﬂow equa-
tions in two interacting ﬂow domains, implicitly assume that the larger
pores comprising the preferential ﬂow domain are perfectly connected.
Simple yet realistic methods that can capture emergent effects of the
connectivity of complex macropore networks on ﬂow and transport at
larger scales would therefore help progress towards more reliable
model predictions.
In principle, concepts from percolation theory should be well suited
to characterize the connectivity of preferred ﬂow pathways (e.g.
Western et al., 2001; Schlüter and Vogel, 2011; Renard and Allard,
2013). In hillslope hydrology, percolation concepts have been employed
to understand andmodel both surface runoff (Darboux et al., 2002) and
sub-surface downslope discharge above an irregular soil-rock boundary
(Lehmann et al., 2007; Janzen and McDonnell, 2015) as a threshold re-
sponse to precipitation inﬂuenced by the connectivity of topographic
depressions along the slope. Nieber et al. (2006) suggested that percola-
tion concepts might describe the connectivity of self-organized
macropore networks in soil, but to our knowledge, this idea has not
yet been pursued. Liu and Regenauer-Lieb (2011) used percolation con-
cepts to analyze the pore structures of rock, bread and wood samples
imaged by X-ray tomography, but we are not aware of any suchthe CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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percolation concepts can be used to describe the connectivity of struc-
tural pore networks in a tilled topsoil of a silt loam, as quantiﬁed by
high-resolution industrial X-ray tomography (Helliwell et al., 2013).
2. Materials and methods
2.1. Field site and sampling
64 soil cores sampled in PVC cylinders eachwith an inner diameter of
6.7 cm and a length of 10 cm, were taken from a long-term ﬁeld experi-
ment located at Offer in northern Sweden (63.1°N, 17.8°E), which is de-
scribed in more detail by Bolinder et al. (2010). The site has a mean
annual average temperature of 3.4 °C and an annual precipitation of
567 mm (averages for period 1961–2000). Half of the samples were
taken in June 2013 and the other half in June 2014. Each year, eight core
samples were taken from each of four plots subjected to four different
crop rotations established in 1956, which differed with respect to the
number of years of grass ley in the rotation (1, 3, 4 or 5 years of grassFig. 1. Four example 2D images of vertical slices through samples (inner diameter 6.7 cm) take
two uppermost images are samples taken from the soil surface, the two beneath are from 10 tley in a six-year rotation, with arable crops in the remaining years). In
both years, we sampled the four plots in theﬁrst year of arable cultivation
after the break of the grass ley ca. 3 weeks after seedbed preparation
(harrowing to a depth of ca. 6 cm) and sowing. The plots had been
ploughed to a depth of ca. 20–25 cm the previous autumn. On each sam-
pling occasion, 16 cores were sampled at the soil surface and 16 directly
below them in the horizon which had been ploughed, but not harrowed.
The soil at Offer is a silt loam, with clay contents varying between 23
and 40% (with a mean of 30%) and silt contents between 50 and 68%
(with amean value of 57%). The long-termcropping treatments have af-
fected the soil organic carbon contents (Bolinder et al., 2010), which
varied between 1.3% and 4.1% among the sampled plots (with a mean
value of 2.5%).
2.2. X-ray tomography and image analyses
2.2.1. X-ray scanning
We imaged the samples using the GE Phoenix X-ray scanner
(v|tome|x 240), which is installed at the Department of Soil andn at Offer, illustrating the contrasting structures in the harrowed and ploughed layers. The
o 20 cm depth.
Fig. 2. Box and whisker plots for harrowed and ploughed horizons illustrating differences
in a.) porosity, b.)median pore thickness, c.) 90th percentile pore thickness, d.) anisotropy
index, and e.) fractal dimension. The horizontal lines indicate medians, the length of the
box shows the inter-quartile range and whiskers indicate the range of typical values.
Possible and probable outliers indicated by asterisks and open symbols are deﬁned as
values that lie outside the box boundaries by N1.5 and 3 times the size of the box
respectively.
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la. The X-ray scanner is equipped with a tungsten target and a GE 16″
ﬂat panel detector with 2024 × 2024 detector crystals. All scans were
carried out at a tube-voltage of 200 kV and an electron ﬂow of 400 μA.
A 0.5 mm thick optical copper ﬁlter was used to harden the X-ray
beam. 1800 radiographs were collected for each sample, each being
the average of three repeated image acquisitions with an exposure
time of 200 milliseconds. The radiograph data were then inverted to
3D X-ray images using the GE image reconstruction software datos|x.
Each 3D image had a voxel resolution of 65 μm in all directions. The
16-bit monochrome images were saved in TIFF-format for further
processing.
2.2.2. Image processing and segmentation
Image processingwas accomplished using the open-source software
ImageJ and the bundle of plugins distributed in FIJI (Schindelin et al.,
2012). The images were ﬁrst corrected for differences in illumination
in the vertical direction assuming that the grey-values of the PVC
walls were constant with depth. A 3D median ﬁlter with a radius of 2
voxels was then applied to reduce the noise in the images. Subsequent-
ly, an unsharp mask with standard deviation of one voxel and a weight
of 0.7 was applied sequentially to each horizontal voxel layer to empha-
size edges between individual structures in the images. Because the soil
was relatively dry on both sampling occasions, all the visible pores in
each sample were air-ﬁlled. We therefore ﬁrst removed the regions
with grey-scale values larger than or equal to the grey-scale value of
the PVC wall. This left the less dense regions in the image which
corresponded to air-ﬁlled pores, fresh organic matter and loose soil.
We then selected a cylindrical region of interest that closely followed
the inner diameter of the PVC cylinder. Next, we tried all the global
thresholdingmethods available in ImageJ/Fiji on the lumped histogram
of each 3D image to identify a global threshold.We validated the perfor-
mance of each thresholding approach by visual inspection of three hor-
izontal cross-sections, one located at one quarter, one in themiddle and
one at three-quarters of the height of each of the 64 imaged columns.
Otsu's method (Otsu, 1979) gave acceptable segmentation results and
was used to create binary images depicting pore and non-pore phases
in each soil column.
2.2.3. Image analyses
2.2.3.1. Regions of interest (ROI). In a ﬁrst step, we determined the topog-
raphy of the top and bottom surfaces of each soil column. We then
outlined three different regions of interest (ROI). The largest ROI
corresponded to a cylindrical volume with its upper surface set 300
voxels (1.95 cm) below the median elevation of the soil surface. Its
lower surfacewas set 615 voxels (4 cm) deeper. Thiswas done to obtain
anROIwhich only contained soil fromonehorizon, since preliminary vi-
sual inspection of the images of the entire core samples showed that soil
from two different horizons with very different pore structures was
sometimes present in a sample. For example, soil from the horizon
that had been ploughed but not harrowed was included at the base of
many of the samples taken from the soil surface, while some of the sam-
ples nominally taken in the layer which had been ploughed but not
harrowed included material from the harrowed layer at the surface or
subsoil material at the base (see Fig. 1 for examples). The 78 voxels
(5mm) next to the columnwalls were cut away to avoid including pos-
sible wall artefacts introduced by sampling, leaving a cylinder 4 cm in
height and 5.7 cm in diameter (volume of 102.1 cm3). Hereafter, we
refer to this volume as the6 cmdiameter cylindrical ROI. In order to per-
form a preliminary investigation of the effects of ﬁnite sample size on
percolation, we also deﬁned two additional ROI's. A cube of side-length
4 cm centered within the larger ROI described above was ﬁrst deﬁned.
Each 4 cm cube was then sub-divided into eight cubes of side-length
2 cm (these are hereafter referred to as the 4 cm and 2 cm cubic ROI's
respectively).2.2.3.2. Percolation and pore network characteristics. Percolation theory
was originally formulated in the 1950's as a mathematical theory of
the connectivity of disordered (i.e. random) media (Stauffer and
Aharony, 1992; Hunt et al., 2014). A basic concept underlying classical
percolation theory is that a critical threshold value (the percolation
threshold) of the occupancy probability (here, themacroporosity) is re-
quired to give long-range (effectively inﬁnite) connectivity (“percola-
tion”). In the context of percolation in a ﬁnite size system,
Fig. 3. The fraction of the pore space in the largest cluster as a function of porosity: a comparison of the imaged pore networks with random ﬁeld realizations assuming 26NN.
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connected across the ROI. We calculated the percolating pore space (i.e.
connected to both the top and bottom of the sample) with the “Open
and closed porosity” algorithm in the Porodict module of the GeoDict
software (Math2Market GmbH, http://www.geodict.com). Connection
between two voxels can be deﬁned in different ways. For example, for
a cubic grid, two voxels can be considered connected if they share a
face (i.e. the six nearest neighbours, 6NN) or a face or an edge (18
nearest neighbours, 18NN), or at the extreme, they could be considered
connected even if they only touch corners (twenty-six nearest neigh-
bours, 26NN). We therefore investigated the effects of assuming 6NN
and 26NN on the calculated percolating pore space in GeoDict.
The sizes of individual pores (i.e. connected “clusters” of pore
voxels) were identiﬁed using the Particle Analyzer from the plugin
BoneJ (Doube et al., 2010) to the software package ImageJ/FIJI
(Schindelin et al., 2012). Two additionalmeasures of connectivity of rel-
evance for percolation (Hovadik and Larue, 2007; Renard and Allard,
2013) were derived from the sizes of these pore clusters, namely the
proportion of the pore volume contained in the largest cluster, FL, and
the connection probability, Γp, which is deﬁned as the probability that
two randomly chosen pore voxels in the ROI are connected (i.e. they be-
long to the same cluster). Γp is given by:
Γp ¼
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where sL is the size of the largest cluster. FromEq. (2), it can be seen that
for large domains, PL can be accurately estimated as FL2. Furthermore, if
the total pore volume is dominated by a single large cluster (i.e. the larg-
est cluster is much larger than all other individual clusters), then a com-
parison of Eqs. (1) and (2) shows that Γp≈FL2. For a random structure
above the percolation threshold in an ROI large enough to avoid ﬁnite
size scaling effects, FL should equal FP since only the largest cluster per-
colates (Stauffer andAharony, 1992). Analogous to Eq. (2), the probabil-
ity for any two pore voxels to belong to the inﬁnite percolation cluster
can be estimated as Fp2.
Percolation thresholds are signiﬁcantly affected by structure (i.e.
non-randomness) and heterogeneity in the pore network such as an-
isotropy (Ewing and Gupta, 1993; Liu and Regenauer-Lieb, 2011). The
degree of anisotropy of the pore space was therefore computed in
BoneJ using the mean intercept length method (Harrigan and Mann,
1984; Doube et al., 2010). This method gives an index of anisotropy
which varies between zero and one, where zero represents a perfectly
isotropic structure. In addition, as a measure of the heterogeneity and
space-ﬁlling characteristics of the structural pore space, themass fractal
dimensionwas calculatedwith the box-counting algorithm implement-
ed in BoneJ.
Connectivity of soil pore networks will also depend on the range of
imaged pore sizes (Bird and Perrier, 2010). We therefore measured
pore thickness distributions with the Porodict module of GeoDict.
With this algorithm, pore thickness is determined by ﬁtting spheres
into the pore space. The pore thickness is deﬁned for each pore voxel
as the diameter of the largest sphere that ﬁts into the macropore and
contains the voxel (Hildebrand and Rüegsegger, 1997). In this paper,
pore thickness distributions are summarized by the median and 90th
percentile pore thicknesses. In addition to the percolating porosity, the
range of pore sizes that percolate is also of great interest, since it should
exert a signiﬁcant control on preferential ﬂow in a multi-scale porous
medium like soil. For this reason, we also calculated the critical pore
thickness, which is deﬁned as the diameter of the largest sphere that
can pass through the imaged pore system from top to bottom. This
was calculated using an algorithm in GeoDict, whereby the imaged
pore space is eroded one voxel at a time until connection (percolation)
across the ROI is lost.
Fig. 5. Box and whisker plot showing imaged porosities for samples with and without percolating pore space. For explanations of symbols, see caption to Fig. 2.
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We compared the connectivity of the X-ray imaged pore networks
with that obtained for a simulated random system. To do this, we ﬁrst
created blank domains with the same dimensions and voxel size as
the ROI's investigated in the soil columns. Random pore networks
were created by iteratively assigning randomly selected voxels in the
domain to the pore space until the desired porosity was reached. We
simulated random ﬁelds with the same imaged porosities as the sam-
ples taken from the ﬁeld, with between 2 and 5 replicates in each
case. Random ﬁeld realizations with N2 replicates correspond to poros-
ities close to the expected percolation threshold of 0.1 for 26NNFig. 6. Box and whisker plots of the critical pore thickness harrowed(Stauffer and Aharony, 1992). Pore network characteristics for the ran-
dom ﬁelds were calculated in the sameway as for the pore networks in
the soil samples.
2.4. Statistics
Differences in the means of the various imaged pore space metrics
between the two soil horizons and the two different sampling years
were tested for statistical signiﬁcance using two sample t-tests, testing
for the homogeneity of variances. Relationships between pore space
metrics were investigated with Pearson correlation coefﬁcients. As
noted above, the samples were taken from four different croppingand ploughed horizons. For explanations of symbols, see Fig. 2.
Fig. 7. Connectivity as a function of imaged porosity for, a.) FL, the fraction of the porosity in the largest cluster, and b.) Fp, the percolating fraction (the fraction of the pore space connected
between the top and bottom faces of the sample). To improve clarity, samples in the harrowed layer with no percolating porosity are plotted with a small positive value.
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showed that there were no signiﬁcant effects of the crop treatments
on the X-ray imaged pore metrics.
3. Results
3.1. Imaged porosity, pore size distribution and heterogeneity
Fig. 2a–e shows the imaged porosity and the measures of pore size
distribution and heterogeneity in the 6 cm diameter cylindrical ROI for
both harrowed and ploughed horizons. Fig. 2a–c shows that there is a
tendency for the harrowed horizon to have larger imaged porosities
(p = 0.051), smaller median pore sizes and fewer large macropores.
The median pore thicknesses in most samples lie within the pore size
range deﬁned as macropores (N0.3–0.5 mm) by Jarvis (2007), even
though the image resolution of 65 μmmeans that some smaller pores
are included in the analysis. It can also be deduced from Fig. 2c that
the local thickness of most of the imaged pore space ranges over a little
more than one order of magnitude, with 90th percentile pore thick-
nesses for most samples varying between 1 and 3 mm. Finally, Fig.
2d,e demonstrate that the distribution of the pore space in the
harrowed layer is signiﬁcantly more isotropic and homogeneous than
in the ploughed layer (p ≤ 0.0001 for both the anisotropy index and frac-
tal dimension).
3.2. Connectivity and percolation
Fig. 3 compares themeasurements of FL (the fraction of the porosity
contained in the largest cluster) with the simulations for a random 6 cm
diameter cylindrical domain, assuming 26NN in both cases. At very
small imaged porosities (ca. 1 to 5%), the fraction of the pore space con-
nected to the largest cluster in the ﬁeld soil is more than four orders of
magnitude larger than for the equivalent random networks, which is a
simple demonstration of the strongly structured nature of these pore
networks. Fig. 4 shows that choosing 26NN or 6NN has little effect on
the fraction of the pore space that percolates for our samples. A largedifference is found only for one sample with an imaged porosity of
0.047 m3 m−3, which fails to percolate with 6NN, but has a percolating
fraction of 0.47with 26NN. For a randommedium, the deﬁnition of con-
nection strongly affects percolation. For example, for a sufﬁciently large
cubic grid, the percolation thresholds are ca. 0.31 and 0.1 for 6NN and
26NN respectively (Stauffer and Aharony, 1992). In our data, the lack
of sensitivity of percolation to the deﬁnition of connection is probably
because thepore networks are strongly structured, although application
of the median ﬁlter in the image processing may also have reduced the
importance of corner connections.
For the 6 cmdiameter cylindrical ROI, 43 of the 64 samples (25 in the
harrowed layer and 18 in the ploughed) contained percolating pore net-
works for 6NN at the image resolution of 65 μm. Fig. 5 shows that for the
harrowed layer, a percolation threshold can be clearly identiﬁed, since
the sample means for percolating and non-percolating porosities are
signiﬁcantly different (p = 0.002). Although there is a greater overlap
in the distributions of porosities for percolating and non-percolating
pore networks in the ploughed layer, their means are still signiﬁcantly
different (p = 0.037). The percolation threshold (ca. 0.04–
0.06 m3 m−3 in the harrowed layer) is much smaller than the theoreti-
cal value for random ﬁelds of 31% for 6NN on a cubic grid which is suf-
ﬁciently large to avoid the effects of the ﬁnite sample size (Stauffer and
Aharony, 1992; Hunt et al., 2014). This is due to the structured nature of
the pore space, which is known to strongly decrease percolation thresh-
olds (e.g. Ewing and Gupta, 1993; Hovadik and Larue, 2007; Liu and
Regenauer-Lieb, 2011).
The measurements of critical pore thickness (Fig. 6a,b) show that
only a few samples contain large continuous macropores without any
signiﬁcant ‘bottlenecks’. The critical pore thickness is smaller than the
median thickness of the imaged pore space (Fig. 2b) for all but nine
samples, while only six samples in the harrowed layer and eight in the
ploughed would have percolating macroporosity at a lower cut-off
pore thickness of 0.5 mm (Jarvis, 2007).
Fig. 7a shows how the fraction of the pore space in the largest cluster
increases with porosity as the smaller macropore clusters merge into
the dominant cluster. The highly signiﬁcant linear correlation (R2 =
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8a) demonstrates that this largest cluster dominates the porosity in al-
most all samples (i.e. it is much larger than all other individual clusters).
Fig. 8b shows that in all but ﬁve of the samples with percolating pore
networks, the fraction of the porosity in the largest cluster is almost ex-
actly equal to the percolating porosity, which implies that only the larg-
est cluster percolates. However, in four samples there are two
percolating clusters, while in another sample a small biopore spans
the ROI but the largest pore cluster does not (see the inset images in
Fig. 8b). These results demonstrate that the imaged porosity closely fol-
lows the behavior expected in classical mono-scale percolation, such
that the percolating fraction of the pore space, Fp, is determined by the
percolating porosity (Fig. 7b). Both connectivity metrics, Fp and FL,
show that the imaged pore space in the horizon which has been
ploughed but not harrowed tends to have a greater connectivity at
any given porosity (Fig. 7), which indicates that the pore space in this
layer is more structured. In contrast, there are no apparent effects of
sampling year on these connectivity functions, even though porosities
tended to be smaller in 2013 than in 2014 in the harrowed layer (p =
0.085).Fig. 8. The relationships among three connectivity metrics: the fraction of the pore space in th
space, Fp. Two example 3D images of the pore space are shown (red voxels are connected to
face, green voxels are disconnected from both top and bottom faces).Fig. 9 compares the percolating pore fractions as a function of imaged
porosity for the 2 cm and 4 cm cubes. In the harrowed horizon, the rela-
tionships between the percolating fractions and porosity for the two
ROI's are similar, although the percolation threshold is slightly less well
deﬁned for the 2 cm cubes and there is more scatter in the percolating
fraction for any given porosity. Fig. 9 showsmore pronounced differences
in the data obtained for the 2 cm and 4 cm cubes in the ploughed horizon.
Some of the 2 cm sized cubes have very large percolating fractions at
small porosities, while the opposite is true for others. In the ploughed ho-
rizon, the percolation threshold is evenmore poorly deﬁned for the 2 cm
cubes than for the 4 cm cubes, as evidenced by themuch larger spread in
the porosity values for samples that do not percolate (Fig. 9). It seems
clear that the size of ROI required to avoid ﬁnite size effects is larger in
the ploughed horizon, where the pore space is more structured and het-
erogeneously distributed. This is illustrated in Fig. 9 by the images for
two ROI's, one with a small vertically-oriented biopore which is continu-
ous from top to bottom through the sample, and anotherwhich contains a
larger bioporewhich only connects laterally across the ROI. In this case, an
apparent anisotropy in the pore space becomes evident because the ROI is
smaller than the typical spacing of macropores.e largest cluster, FL, the connection probability, Γp and the percolating fraction of the pore
both top and bottom faces, yellow voxels are connected to either the top or the bottom
Fig. 9. Percolating pore fractions as a function of imaged porosity for 2 cm and 4 cm cubic ROI's in the harrowed and ploughed layers. Two example images of 2 cm cubic ROI's are shown
(for an explanation of the colour coding of the pore space, see the caption to Fig. 8). To improve clarity, 4 cm cubes with no percolating porosity are plotted with a small positive value.
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The structural porosity quantiﬁed by X-ray tomography in the top-
soil of this cultivated silt loam soil displayed many of the key features
predicted by classical percolation theory. In particular, a strong relation-
ship was found between the percolating fraction and the imaged poros-
ity, with a reasonably well-deﬁned percolation threshold (ca. 0.04–
0.06 m3 m−3), particularly in the harrowed layer. The percolation
threshold was less well identiﬁed in the soil layer that had not been re-
cently tilled, which we attributed to ﬁnite sample size effects resulting
from the more heterogeneous distribution of structural pore space in
this layer. Neither the different cropping treatments nor the sampling
year had any signiﬁcant effect on imaged pore network characteristics.
The reasons for this are not clear, but itmay be due to the timing of sam-
pling, just a few weeks after spring cultivation in both years. More con-
trasting macropore structures may have become apparent later in the
season due to the effects of various physical and biological structure-
forming factors such as wetting and drying, root development and
earthworm activity (e.g. Strudley et al., 2008).
The range of pore sizes that will allow signiﬁcant non-equilibrium
conditions to develop during ﬂow is still a matter of some debate, espe-
cially for unsaturated conditions in the ﬁeld (Nimmo, 2012; Beven and
Germann, 2013). However, it does seem reasonable to conclude that
most of our columnswould be unlikely to exhibit very pronounced pref-
erentialﬂowdue to a lack of percolating largermacropores, especially inthe recently harrowed layer. This is in agreement with the results of
many ﬁeld tracer and dye staining experiments reported in the litera-
ture (Jarvis, 2007). The applicability of percolation concepts to describe
the connectivity ofmacropore networks inmore strongly structured soil
susceptible to preferential ﬂow (e.g. undisturbed subsoils) should
therefore be investigated, although application of X-ray imaging for
samples representative of the spatial scale of the structure might be
problematic in many cases. Macropore networks in subsoil horizons
are likely to be more anisotropic than the tilled layers studied here,
since they are often dominated by root and macro-faunal biopores
(Jarvis, 2007; Luo et al., 2010a). Percolation thresholds for such strongly
anisotropic pore networks may be close to zero, with multiple discon-
nected percolating clusters and percolating fractions that approach
unity even at small porosities (Ewing and Gupta, 1993; Liu and
Regenauer-Lieb, 2011).
Dual-permeability models (e.g. Šimůnek et al., 2003; Larsbo et al.,
2005; Šimůnek and van Genuchten, 2008) describe preferential ﬂow
as a threshold-driven hydrological process, whereby water pressures
must locally exceed a critical value close to saturation to generate ﬂow
in macropores (Jarvis, 2007; Zehe and Sivapalan, 2009; Cey and
Rudolph, 2009). Our results suggest that a second threshold process re-
lated to percolation may also operate in that a critical value of the
macroporosity may be needed to ensure the long-range connectivity
of the network and sustain far-reaching preferential ﬂow through the
unsaturated zone. This suggests that dual-permeability models could
79N. Jarvis et al. / Geoderma 287 (2017) 71–79be further developed by deﬁning the conducting part of the macropore
network as a dynamic function of soil wetness in an analogous way to
“ﬁll and spill” models of hillslope runoff (e.g. Lehmann et al., 2007;
Janzen and McDonnell, 2015). In this respect, we only measured the
percolating fraction of the macroporosity, while the potentially
conducting “backbone” part of the macropore network will be even
smaller due to “dead-end” macropores. The conducting backbone frac-
tion of themacroporosity could be identiﬁed either by ﬂow simulations
on the imaged networks or directly measured by X-ray tomography
during ﬂow and transport experiments (e.g. Luo et al., 2008; Koestel
and Larsbo, 2014; Sammartino et al., 2015).
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